M
any studies of human behavior and psychological constructs rely on subjects' willingness to disclose information about themselves. This is problematic for phenotypes that require the disclosure of sensitive information, such as sexual behavior or illicit drug use, which are likely to be underreported. We describe a method for evaluating how sensitive variance component estimates are to underreporting. The method involves estimating, by maximum likelihood, the original population proportions of the response classes, and adjusting them for a set of hypothesized underreporting parameters. If the true values of the underreporting parameters were known, the researcher could estimate the variance components based on these values. Usually, underreporting levels are not known with certainty. However, it is possible to assume a specific value for the underreporting rate, obtain response pattern proportions adjusted for this rate, and then to conduct the analyses on these revised estimates. By repeating the procedure across the range of plausible underreporting values, the researcher can assess how sensitive the variance component estimates are to variation in underreporting. We apply this method to a sample of male-male twin pairs who reported on themselves and their co-twins for illicit drug abuse and dependence (DAD). We show how underreporting influences estimates of additive genetic, common environment, and specific environment variance components (A, C, and E) obtained for DAD in a classical twin design.
Researchers are often interested in the degree to which population-level variation in a particular phenotype may be attributed to differences in genes or environmental experiences. The accurate partitioning of phenotypic variation into genetic and environmental components depends, of course, on measuring the phenotype accurately. Some phenotypes can only be assessed by asking people to report about themselves, and such information may be subject to distortion, bias, or incorrect recall. Such self-report measures are likely to be particularly problematic for phenotypes that involve sensitive information, such as sexual or criminal behavior (e.g., the use of illicit drugs). In such situations, a common concern for researchers is underreporting, in which a proportion of subjects who are positive for the phenotype fail to disclose that they are positive.
It is not immediately clear how underreporting influences heritability estimates. In the typical twin study, heritability is estimated from the difference between the phenotypic correlation in monozygotic (MZ) and dizygotic (DZ) twins. In principle, heritability estimates may accrue positive or negative bias if underreporting is present. Underreporting is a form of measurement bias. If it is uncorrelated between twins, it may cause specific environmental variance to be overestimated, and additive genetic and shared environment variance to be underestimated. If, however, underreporting is a heritable trait, then it may result in the overestimation of additive genetic and shared environment variance.
One way of attempting to deal with underreporting is to use multiple sources. For instance, informant paradigms use information from personal interviews and from interviews of family members or other knowledgeable people (Heath et al., 1992; Kendler et al., 2002; Neale & Stevenson, 1989) . In prior work, we have assumed that subjects who report being negative for a sensitive phenotype are more likely to be underreporting if their co-twin reports that the subject is positive for the phenotype (Kendler et al., 2002) . Thus, we used the co-twin's report as another piece of information about the subject's true phenotype. A limitation of that method is that such instances may not always be underreporting by the subject -they could be mistakes by the co-twin.
In this article, we describe a different method for dealing with underreporting, which explicitly models its effects. We are thus able to investigate how sensitive estimates of variance components and other model parameters are to underreporting. While the main focus of the analyses we report is how underreporting influences heritability estimates, it has broader application, including the estimation of other variance components, such as the effects of quantitative trait loci or environmental factors or their interaction.
The information used to assess variance components of binary traits, such as presence or absence of substance use, is contained in the contingency tables of responses. For example, in the classical twin study, the relative proportion of twin pairs who are concordant positive (++), concordant negative, or discordant for substance use, may be used to estimate a tetrachoric correlation for twin pairs. We refer to the possible outcomes (--, -+, +-or ++) as response patterns. If underreporting occurs, it will increase the proportion of negative outcomes relative to the positive ones. In principle, if the rates of underreporting were known, it would be possible to reverse the effects of underreporting by incrementing the proportions of positive outcomes. The researcher could then conduct the analyses on these adjusted proportions. In practice, it is rarely possible for the researcher to obtain accurate estimates of the underreporting rates for sensitive behavior. However, it is possible to assume a specific value for the underreporting rate, obtain response pattern proportions adjusted for this rate, and then to conduct the analyses on these revised estimates. By repeating the procedure across a range of plausible underreporting values, it is possible to assess how sensitive variance component estimates are to hypothesized levels of underreporting.
We illustrate the method with twin data on lifetime diagnoses of DSM-IV drug abuse or drug dependence (DAD; APA, 1994) . There is substantial unreliability in the measurement of psychiatric disorders that are assessed by interview (Aneshensel et al., 1987; Bromet et al., 1986; Fendrich et al., 1990; Kendler et al., 1999; Kendler et al., 1993; Kendler et al., 2002; Prusoff et al., 1988) . We chose this phenotype because underreporting is likely to be an important cause of measurement uncertainty in DAD (Chen et al., 2006; Colon et al., 2001; Johnson & Fendrich, 2005) . Moreover, it seems unlikely that people would overreport lifetime DAD. The current social and legal climate probably makes people feel that admission of drug use is potentially risky, even if they are otherwise told that the information is only being collected for research purposes and will be kept confidential. And while memory problems may sometimes lead a few people to overreport recent drug use (Johnson & Fendrich, 2005) , the problems that are associated with DAD are likely to be much more salient in memory. By explicitly modeling underreporting, we can assess the degree to which published estimates of heritability of DAD may have been biased by such processes. For instance, in prior work, we estimated that the heritability of lifetime DAD was 74%, based on the self-reports of male-male twin pairs (Kendler et al., 2002) .
In principle, the method we describe could be applied to other phenotypes where underreporting may be a problem, such as sexual behavior or having been the victim of child sexual abuse. It could also be applied to studies of children's behavior where there are multiple raters (e.g., children and parents) who are often discordant with each other.
Methods Sample
The twin data used in this analysis came from the second wave of interviews of male-male and male-female twin pairs ascertained from the Virginia Twin Registry, which is now part of the Mid-Atlantic Twin Registry. The details of these interviews are discussed elsewhere (Kendler & Prescott, 2006) .
The eligible sample consisted of twins who were matched to state records, members of a multiple birth in which one was a male, Caucasian, and born between 1940 and 1974. Of the total meeting the eligibility requirements, 72.4% were successfully interviewed in the first wave, and 82.6% of those participating in the first wave were interviewed in the second wave. The second wave interviews were conducted between 1994 and 1998, and at this time subjects were between 20 and 58 years old (mean = 36.8, SD = 9.1). Each member of a twin pair was interviewed by a different interviewer, who was blind to the clinical information about the co-twin. The zygosity of each twin pair was based on a discriminant function analysis of the answers to six standard zygosity questions. Development of the algorithm was conducted on 227 twin pairs genotyped with at least eight highly polymorphic DNA markers (Kendler & Prescott, 2006) .
For each twin pair, we labeled one of them twin 1 and the other twin 2. Each provided self-report information obtained at personal interview about DAD. In addition, each subject provided information about DAD in his co-twin. Thus, for every twin-pair, there were four pieces of information: (1) twin 1's selfreport; (2) twin 1's report on twin 2; (3) twin 2's self-report; and (4) twin 2's report on twin 1. To simplify our analyses, we restricted our sample to male-male twin pairs for which we had all four reports. This resulted in 707 MZ male-male twin pairs and 488 DZ male-male twin pairs.
Diagnostic Methods
Each twin in a family was interviewed by a different interviewer, who had a master's degree in a mental health related field, or a bachelor's degree with two years of clinical experience. The interviewer of each twin was blind to the clinical information about the co-twin.
The Subject's Self-Report
For simplicity, we refer to the DAD information provided by each twin on himself as the self-report.
Self-reported lifetime DAD was assessed in the wave 2 personal interview by items adapted from the Structured Clinical Interview for DSM-III-R (Spitzer & Williams, 1985) . DSM-IV criteria for DAD at any time over the lifetime was assessed separately for cannabis, sedatives, stimulants, cocaine, opiates, hallucinogens, inhalants, and 'over the counter' medications. If the self-report was positive for all the DSM-IV criteria required for a diagnosis of abuse/dependency for one or more of these substances, it was scored as 1, and we refer to it as a positive selfreport. Otherwise, it was scored as 0, and we refer to it as a negative self-report.
The Subject's Report on the Co-Twin
In wave 2, we also asked each subject to report DAD information on their co-twin, which we refer to as the co-twin report. To assess DAD in the co-twin, we used the relevant portion of the Family-History Research Diagnostic Criteria (Endicott et al., 1978) . If the cotwin report was positive for abuse or dependence using the Family-History Research Diagnostic Criteria, it was coded as 1, and we refer to it as a positive co-twin report. Otherwise, it was coded as 0, and we refer to it as a negative co-twin report.
The Underreporting Parameters
We can think of no reason why the self-reports of MZ and DZ twins about their own DAD would differ in the mean level of underreporting. We therefore assume that underreporting in self-report does not vary as a function of zygosity.
However, we think it plausible that the chance a subject is underreporting may depend on what his cotwin says about him. The rationale for using informant paradigms is that informants often have substantial information about each other, and twins will often have access to highly privileged information about each other. For this reason, if a twin says that he has not had any DAD, the chance that he is underreporting may be greater if his co-twin reports that the twin is positive for DAD. Although in principle it is possible to allow for differences between twin 1 and twin 2 for underreporting rates, which may be appropriate if they are of opposite sex or otherwise ordered, in these analyses we constrain the rates to be equal across twins. We therefore allow two underreporting parameters: (1) the rate of underreporting by a twin when the co-twin reports that the twin is negative (p); and (2) the rate of underreporting by a twin when the co-twin reports that the twin is positive (q).
Formatting the Data
The information about each twin pair can be defined by each twin's self-report and each twin's report of their co-twin. This leads to 16 possible twin-pair categories. The pattern variable in Table 1 lists these categories. Consider, for instance, twin-pairs that fall into the category where the pattern variable = 0110.
The first column describes twin 1's self-report; column 2 is twin 2's report on twin 1; column 3 is twin 2's self-report; and column 4 is twin 1's report on twin 2. Thus, the value corresponding to pattern = 0110 refers to twin pairs in which twin 1 self-reports no DAD (first column = 0), but twin 2 reports that twin 1 is positive for DAD (second column = 1), and twin 2 self-reports DAD (third column = 1), but twin 1 reports that twin 2 is negative for DAD (fourth column = 0). This format allows us to simplify the data while retaining information about nonindependence. The observed frequencies and proportions of the MZ and the DZ twin pairs falling into each of these categories are also provided in Table 1 . Table 1 shows the observed cell frequencies -it reflects what subjects reported about their own DAD state and what they reported about the DAD state of their co-twins. But, due to underreporting, some subjects who had DAD probably failed to disclose information that would have led us to give them a diagnosis of DAD. Ideally, we would conduct variance component analyses on the true cell frequencies, i.e., subjects' actual DAD states, which could be recovered if we knew the underreporting rates. Table  2 is the transition matrix modeling how the estimate of the true twin-pair frequencies in each of the categories (on the rows) are reapportioned, via the underreporting parameters, among the categories (on the columns). Mathematically, this is simply achieved by application of the matrix formula: E = DY, where D is a 16 by 1 vector containing the estimates of the true population cell frequencies, Y is the 16 by 16 transition matrix (given in Table 2) , and E is the (16 by 1) vector of the estimated cell frequencies following the effects of underreporting.
Adjustment of Predicted Cell Frequencies for Underreporting
The logic for deriving the transition matrix in Table 2 is simple. For example, consider twin pairs whose true state falls in the pattern category of 1011. This category corresponds to twin pairs in which twin 1 has DAD, but twin 2 reports that twin 1 is negative for DAD, and twin 2 has DAD, and twin 1 also reports that twin 2 is positive for DAD. Since we assumed that underreporting in subjects' self-reports may depend on what their twins say about them, twin 1 underreports at rate p (because twin 2's report on twin 1 is negative) and twin 2 underreports at rate q (because twin 1's report on twin 2 is positive), Thus, underreporting makes proportion p × q of the true number of twin pairs in category 1011 go into observed category 0001, proportion p × (1-q) go into observed category 0011, proportion (1-p) × q go into 1001, and proportion (1-p) × (1-q) remain in 1011. In Table 2 , this partitioning can be seen by noting how twin pairs in the row corresponding to true category 1011 are proportioned into the pertinent observed category columns. The rest of the matrix can be filled out using similar logic, which we leave to the reader. Thus, the rows in Table 2 describe how twin pairs in a specific true category are proportioned into separate observed categories, where the proportions in each row sum to 1. The columns describe the contributions of different true categories to a specific observed category.
Model Fitting
The structural equation model that we fit to the data is provided in Figure 1 . 1 We allow the latent DAD phenotype for each twin to influence what their cotwins say about them (the ctr paths) as well as their self-reports (the sr paths). Each report has residual error, and we allow for the possibility that the residual errors in the twin's self-report and his report on his co-twin are correlated by virtue of the fact that they come from the same informant.
Underreporting is incorporated into the model in the following way. The estimates of the free parameters (the A, C, and E components of variance of the latent true phenotype, the loadings on the latent phenotypes, and the residual error terms, along with the population thresholds) generate an estimate of the true cell frequencies, which may be described as a row vector D. Given an estimate of the true frequencies and the values of the underreporting parameters that we have set, we can estimate, via the transition matrix Y shown in Table 2 , the overall frequencies of DAD states that the twins are expected to report, which we call the expected reported frequencies. In other words, an estimate of the free parameters generates an estimate of the true cell frequencies, which, in turn, generates an estimate of the expected reported frequencies for given values of the underreporting variables. Thus, if it is given a set of values for the underreporting variables, Mx can search the free parameter space to find, through maximum likelihood, the values for which the expected reported frequencies come closest to matching the actual observed frequencies. We applied a range of hypothesized values of the underreporting parameters p and q to examine their effects on the free parameters of the model, especially the A, C, and E variance components. Table 3 shows the cross-tabulation of the twins' DAD self-reports by what their co-twins said about them. Among MZ pairs, twins were more likely to selfreport DAD (20.1% or 284/1414) than they were to report it in their co-twin (4.3% or 61/1414). DZ twins were also more likely to self-report DAD (24.0% or 234/976) than they were to report it in their co-twin (6.5% or 63/976). This suggests that both MZ and DZ twins may have had more knowledge about themselves than their co-twins. MZ twins appear to be about as likely to self-report DAD (20.1%) as DZ twins (24.0%), which suggests that zygosity may not
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Note: T1 on T1 = Twin 1's DAD self-report; T1 on T2 = Twin 1's report on the DAD status of Twin 2; T2 on T2 = Twin 2's DAD self-report; T2 on T1 = Twin 2's report on the DAD status of Twin 1. Each twin-pair category is described by a 4-column pattern variable, and the value of each column corresponds to the values for T1 on T1, T1 on T2, T2 on T2, and T2 on T1, respectively.
affect the mean level of DAD. Finally, the rate of discrepancies between the twins' self-reports and their reports on their co-twins was about twice as high for DZs (20.5% or 201/976) as for MZs (10.0% or 141/1414). This suggests that subjects from MZ twin pairs had more accurate knowledge about their cotwins than those from DZ twin pairs.
ACE Estimates
We estimated the A, C, and E components of the variance in DAD for various levels of underreporting in the self-report (Table 4) . For all the underreporting models we ran, we also calculated confidence intervals for the estimates of A, C, and E. We first estimated A, C, and E under the assumption of no underreporting. The estimates of A = 77%, C = 0%, and E = 23% are very similar to the estimates in our prior work (Kendler et al., 2002) .
2
If the level of underreporting in the self-report is not conditional on the co-twin report, then p and q are equal. To assess how constant underreporting affected the ACE estimates, we set p and q equal to each other, and incrementally increased their values from zero in steps of 0.1. This analysis indicated that increasing p and q had complex effects on ACE estimates (see Table  4 ). In particular, E tended to decrease as p and q increased, C tended to increase, and A had a quadratic effect (peaking at intermediate values of p and q).
We then assessed how p and q separately influenced the ACE estimates (Table 4) . First, we fixed q to zero, and incrementally increased p from zero in steps of 0.1. This analysis indicated that E tended to decrease as p increased, C increased at high underreporting levels, and A had a quadratic effect (peaking at an intermediate value of p). Next, we fixed p to zero, and incrementally increased q from zero in steps of 0.1. This analysis indicated that A, C, and E were relatively unaffected by variation in q.
Discussion
In this article, we have described a transition method for determining how sensitive heritability estimates are to underreporting. However, the method is potentially useful for any dataset where subjects may have been reluctant to disclose sensitive information.
The influence of underreporting on the estimate of heritability in DAD depends on its type. If underreporting is modeled as a single parameter, in which the rate is assumed to be constant throughout the population, heritability shows a quadratic effect. The heritability estimate varies from .73 to .91 over the range in underreporting that we have reported, with the peak occurring approximately where the underreporting rate is 0.3.
We also explored the independent effects of the rate of underreporting by subjects with negative co-twin reports (p) and those with positive co-twin reports (q). Underreporting by subjects with negative co-twin reports (p) influenced the heritability of DAD in a quadratic fashion, peaking at intermediate underreporting levels. However, overall family resemblance increased monotonically, because the estimate of C increased with underreporting by subjects with negative co-twin reports. On the other hand, the estimates of A, C, and E were largely unaffected by underreporting by subjects 
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with positive co-twin reports (q), even though the model fits were substantially different. This is because the estimates of the reported cell frequencies varied with q, but they did so in a way that had little impact on the ACE parameters. We obtained different likelihood estimates for each of the underreporting models that we tried. The most likely model reported in Table 4 is where p = 0.1 and q = 0.0, -2LL = 3046.035. More refined analysis showed that this was indeed very close to the minimum. The most likely values of the underreporting parameters were p = 0.106 and q = 0.000, -2LL = 3046.031. We then calculated the fit of each model as the difference in the likelihood, -2∆LL, relative to this one (see Table 4 ). Our results indicate that there may not have been much underreporting about DAD in this population of twins. Most of the underreporting models given in Table 4 that did not have significantly worse fits (i.e., those that were less than 3.84 chi-square units away from the best fitting model) were those with relatively low underreporting values.
The analyses suggest that the underreporting that occurred was probably done mostly by subjects with negative co-twin reports (because the most likely values of p and q were 0.106 and 0.0, respectively). This is perhaps what one might expect, if subjects who are relatively secure about revealing their DAD state to their co-twin are less likely to underreport. From Table 3 , there are very few instances in which a subject reported no DAD and his co-twin reported that the The ACE model for latent phenotype of twin 1 (LP1) and twin 2 (LP2) based on self-reports (T1 on T1, T2 on T2) and co-twin reports (T1 on T2, T2 on T1). In this article the latent phenotype is DAD. The residual errors in the self-reports (RE1) and the co-twin reports (RE2) are allowed to be correlated within Twin 1 (r1) and within Twin 2 (r2). The freely estimated parameters are given in lowercase.
subject did have DAD. The fact that the most likely rate of underreporting by subjects with positive cotwin reports (q) is zero suggests that these instances may have been the result of co-twin error, not underreporting by the subject.
As underreporting rates increase, model fit deteriorates compared to the fit of the most likely model, and this deterioration accelerates. Interestingly, however, the range of the confidence intervals for the estimates of A tend to be fairly stable until underreporting rates become very large (≥ 0.4) . This means that the confidence with which A is estimated is relatively unaffected throughout much of the plausible range in underreporting.
Finally, in the observed data, there was a higher rate of errors in the co-twin reports of DZ twins than those of MZ twins (20.5% vs. 10.0%). This may indicate that MZ twins have greater knowledge of their co-twins' DAD than have DZ twins.
Limitations
The transition matrix given in Table 2 is appropriate for dyads in which both individuals provide information about themselves and each other on a binary trait. Another important limitation is that we assumed that underreporting was not itself a heritable trait. The method can be extended to that situation by incorporating additional parameters into the MZ and DZ transition matrices that represent the degree of concordance between twin pairs for underreporting. The researcher could then explore how sensitive the estimate of heritability of DAD (or other phenotypes) is to the MZ and DZ concordance parameters.
In this article, we assumed that underreporting in the self-report was of primary interest. It seems possible, however, that MZ and DZ twins might differ in the degree of underreporting about their co-twin's drug state. For instance, because MZ twins tend to be closer, they might be more reluctant to disclose information about their co-twins than would DZ twins. However, at least conceptually, the heritability of DAD depends only on self-reported information if people provide accurate information about themselves. Thus, once underreporting in the self-report is taken into account, there is less of a need to model the reluctance of co-twins to report DAD information about their twins, which would otherwise require an alternative transition matrix. In the present analysis, we allowed for potential differences in underreporting in the self-report as a function of the co-twin's report.
The method can also be simplified to deal with the situation where the researcher only has self-reports from each twin pair. This would involve collapsing the 16 by 16 transition matrix to a 4 by 4 matrix. We stress, however, that underreporting is not likely to be homogeneous within a population. It seems reasonable to assume, for instance, that subjects' rate of underreporting in their self-report covaries with what their partners say about them. If so, then the use of informant reports may give the researcher traction for Note: The fit of each model is -2LL. The likelihood of each model is significantly worse (p-value < .05) if the difference in fit, -2∆LL (which, asymptotically, has a chi-square distribution), is 3.84 chi-square units more than the best-fitting model (described in text).
creating additional underreporting variables that can be used to explore the effects of some of the heterogeneity in underreporting. In some of our prior work, we have assumed that a negative self-report by a subject is more likely to be an underreport if the cotwin reports that the subject is positive (Kendler et al., 2002) . Our results indicate that the reverse was more likely -the rate of underreporting by subjects was estimated to be higher if the co-twin said that the subject was negative for DAD than if the co-twin said that the subject was positive. However, this still illustrates how underreporting is likely to be heterogeneous within populations. Finally, it is important to note that we omitted twin pairs in which at least one piece of information was missing. It is not immediately clear how to treat this data. It is possible that missing information is a form of underreporting, where some people who had DAD refused to answer the self-report question. However, it is also possible that some who refused to answer the question did so because they felt that it was none of our business to be asking it. Future work may resolve this issue.
Endnotes
1 The Mx script we used for our analyses can be found at: http://www.vcu.edu/mx/examples.html 2 The results are not identical because we used a more restricted sample. As discussed in the text, we only used twin-pairs for which we had all four pieces of information -2 self-reports and 2 co-twin reports.
In this article, we also used a simpler structural equation model.
